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Abstract

Radiology report generation (RRG) is of great signifi-001
cance in alleviating the workload of radiologists and im-002
proving clinical diagnosis efficiency, which has attracted003
widespread attention in the academic community. Due to004
the inherent nature of medical data, datasets used for train-005
ing the RRG model commonly suffer from imbalance issues.006
Most existing studies attribute this imbalance to the vary-007
ing number of samples across classes (i.e., traditional class008
imbalance). However, our research reveals that the im-009
pact of such traditional class imbalance on RRG is limited,010
given the complexity of the task. Inspired by curriculum011
learning (CL), we propose to quantify data imbalance in012
RRG through learning difficulty and introduce a Radiology013
Report Generation Curriculum Learning (RRGCL) frame-014
work. Additionally, a novel dynamic data scheduling strat-015
egy is designed to help models better adapt to this defined016
imbalance during training. Notably, our method is model-017
agnostic and plug-and-play, making it potentially applica-018
ble to a wide range of RRG models. Extensive experiments019
demonstrate that our method further enhances the perfor-020
mance of several state-of-the-art RRG methods. To the best021
of our knowledge, our method is orthogonal to most existing022
RRG methods, offering a new perspective for RRG research023
and promising to advance the further development of in-024
telligent medicine. The code will be made available upon025
acceptance.026

1. Introduction027

In modern medicine, various medical images have become028
important tools for clinical decision-making and treatment029
planning. A medical radiology report is an objective and030
detailed description of significant findings in given medical031
imaging data. Writing radiology report is a highly special-032
ized task, which must be completed by well-trained radi-033
ologists with rich professional knowledge and clinical ex-034
perience. Moreover, with the widespread use of medical035

Figure 1. (a) and (b) respectively illustrate the relationship be-
tween the imbalance in RRG data measured by traditional sample
scale and our proposed metric and the quality of reports generated
for each classes. The comparison reveals that our proposed met-
ric demonstrates a better proportional relationship, indicating its
higher efficiency. (c) provides a glimpse of our proposed RRGCL.

imaging, the workload of radiologists has also increased [4]. 036
This is bad news, because the excessive workload tends to 037
increase the risk of diagnostic errors [23]. In order to al- 038
leviate radiologists’ work pressure, improve the accuracy 039
of radiology reports and assist clinical diagnosis, automatic 040
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radiology report generation (RRG) has received much at-041
tention [36, 43, 44, 51].042

Traditional class imbalance is a prevalent issue in vari-043
ous medical datasets. Due to factors such as disease inci-044
dence rates and diagnosis difficulty, the data scale of dif-045
ferent classes in medical datasets often vary significantly,046
making it challenging for the model to learn the features047
of minority classes. However, it is noteworthy that unlike048
general classification tasks, RRG is more complex because049
its labels are long texts containing extensive information,050
and although the classes are fixed, the content of the reports051
varies. Consequently, we are prompted to raise two pre-052
viously overlooked questions: Q1:What are the impacts of053
traditional class imbalance on RRG models? Q2: Is there a054
better metric to more effectively measure the imbalance in055
RRG data?056

To address Q1, we selected four classical and state-of-057
the-art (SOTA) RRG methods [7, 12, 16, 47] and conducted058
experiments on the currently largest publicly available RRG059
dataset, MIMIC-CXR [21, 22]. We divided the test set into060
13 classes based on the official tags and evaluated the qual-061
ity of the generated reports (BLEU-4 score) for each class.062
We arranged the classes in descending order of their sam-063
ple scale (gray bars) and observed the relationship with the064
quality of the generated reports, as shown in Figure 1(a).065
Intuitively, according to the traditional class imbalance as-066
sumption, the fewer training samples a class has, the worse067
its corresponding generated reports will be. In other words,068
the two should be almost proportional. However, as shown069
in the figure, this assumption does not hold significantly for070
the RRG task.071

Based on the above finding, we propose a method072
of Radiology Report Generation by Curriculum Learning073
(RRGCL) to address Q2. Inspired by curriculum learn-074
ing (CL) [3], we conceive a novel learning difficulty met-075
ric to reevaluate imbalance in RRG data. This metric com-076
prises two components: (1) visual neighborhood seman-077
tic gap (VNS-Gap); (2) image-text cross-modal alignment078
score (ITAS). We rearrange the classes in descending order079
according to the proposed metric and again observe their080
relationship with the quality of the generated reports, with081
the results shown in Figure 1(b). As evidenced in the fig-082
ure, the proposed metric demonstrates a stronger positive083
correlation with report generation quality, indicating its su-084
perior efficacy in measuring imbalance within RRG data.085
Furthermore, we design a novel sample scheduling function086
based on the proposed imbalance metric. It dynamically087
adjusts the pace of introducing data of different difficulties088
into training subset, thereby helping the model gradually089
adapt to the inherent imbalance in RRG data. Extensive090
experiments demonstrate that RRGCL can effectively help091
existing RRG models further improve the quality of gener-092
ated reports. Overall, the main contributions of this paper093

are summarized as follows: 094

• We discover that the traditional class imbalance based on 095
sample quantity has limitations in RRG data, and propose 096
a novel learning difficulty metric that can more effectively 097
measure imbalance in RRG data. 098

• To address the redefined imbalance issue, we propose a 099
simple yet efficient sample scheduling strategy for RRG 100
models. 101

• Our proposed RRGCL method is a model-agnostic and 102
plug-and-play training strategy. Extensive experiments 103
demonstrate that existing RRG methods achieve perfor- 104
mance improvements after applying RRGCL. 105

2. Related Work 106

2.1. Radiology Report Generation 107

Automatic radiology report generation (RRG) originates 108
from image captioning task, but it is more complex and 109
challenging. Due to pressing clinical needs, research in 110
RRG has been steadily increasing in recent years [44]. Cur- 111
rent RGG studies can be broadly categorized into three 112
main classes: CNN-RNN-based method, Transformer- 113
based method and retrieval-based method. 114

CNN-RNN-based models [13, 35, 38, 47, 52, 56, 61] 115
represent the most classic encoder-decoder frameworks for 116
RRG. In this paradigm, CNN network or its variants (e.g., 117
ResNet, DenseNet) are typically employed to extract vi- 118
sual features, which are then decoded by RNN network 119
or its variants (e.g., LSTM, GRU) to to generate the re- 120
port word by word. Such RRG methods are adapted from 121
early image captioning tasks, laid a crucial foundation 122
for subsequent research, and continue to be influential to- 123
day. However, they often exhibit limitations in modeling 124
long-range dependencies and tend to overlook subtle le- 125
sions in images. The introduction of Transformer [48] ef- 126
fectively mitigates this issue. Transformer-based methods 127
[5, 7, 8, 12, 16, 24, 27, 31, 34, 37, 49, 53] represent the dom- 128
inant paradigm in current RRG research. These approaches 129
typically employ a Transformer as the decoder to generate 130
long-text reports, while the image encoder is usually a vi- 131
sual Transformer (ViT) [9] or a hybrid CNN-Transformer 132
architecture for visual feature extraction. Thanks to the at- 133
tention mechanism, such methods are often better at mod- 134
eling long-range dependencies, thereby generating higher- 135
quality and more human-like reports. Due to similar pat- 136
terns among radiology reports, some retrieval-based meth- 137
ods [10, 19, 46, 58, 62] have been introduced. These models 138
first retrieve similar reports or sentences from a template or 139
report corpus, and then use this as reference knowledge to 140
generate the final report. These methods are heavily depen- 141
dent on large-scale, specialized databases and exhibit lim- 142
ited generalization capability. 143

Our proposed RRGCL method falls outside the afore- 144
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Figure 2. The overall framework of the proposed RRGCL primarily consists of two components: a Learning Difficulty Measurer and a
Class-level Dynamic Sample Scheduler. The measurer evaluates the learning difficulty dif(i) of each sample by calculating VNS-Gap
dif1(i) and ITAS dif2(i). Based on dif(i), all training samples are sorted from easy to hard within each class. The scheduler dynamically
samples from each class in sequence according to our designed class-level scheduling function λn(t). Simpler classes are incorporated into
the training subset at a faster rate during the early training stages, while more difficult classes are introduced at a more gradual pace. Class
difficulty scores reflects the underlying imbalance in RRG data from a novel perspective, and the proposed scheduling strategy effectively
addresses this imbalance.

mentioned classes, because it cannot generate reports by it-145
self. Instead, it is a model-agnostic training strategy that146
can be applied to various existing RRG models to further147
enhance their performance.148

2.2. Curriculum Learning149

The core idea of curriculum learning (CL) [3] is to mimic150
the human cognitive process of progressing from easy to151
difficult. In the early stages of training, the model primar-152
ily encounters the simplest, cleanest, and most representa-153
tive samples in the dataset, and then gradually incorporates154
more complex data. This strategy provides the model with155
a better initial optimization path, leading to more stable and156
efficient training [45, 50].157

CL has been proven effective in various downstream158
tasks. For example, in the field of computer vision (CV),159
it has been applied successfully to medical image classifi-160
cation [20, 26], face recognition [15], object detection [59],161
etc. In the field of natural language processing (NLP), it has162
shown effectiveness in machine translation [11], text emo-163
tion recognition [25, 57], text generation [6], etc. Addi-164
tionally, it has also been applied to some cross-modal tasks165
like image caption [55] and video caption [28]. To the best166

of our knowledge, CMCL [32] is currently the only CL- 167
based method for RRG. CMCL defines two training diffi- 168
culty evaluation metrics for images and text respectively. 169
During training, it sorts all training data into four batches 170
based on these metrics and dynamically selects the most 171
appropriate batch for training according to the model’s cur- 172
rent learning competence. Our proposed method does not 173
evaluate images and text in isolation. Instead, it calculates 174
the learning difficulty of each sample by leveraging inter- 175
sample divergence and image-text relationship. 176

3. Method 177

RRGCL mainly consists of two parts: a learning difficulty 178
measurer and a dynamic sample scheduler. The learning 179
difficulty measurer quantitatively evaluates how challeng- 180
ing it is to learn from a class, thereby revealing the un- 181
derlying imbalance in the RRG data. The dynamic sam- 182
ple scheduler determines how to progressively increase the 183
learning difficulty during training, which we utilize to miti- 184
gate the imbalance issue. The overall framework of RRGCL 185
is shown in Figure 2. 186

3



CVPR
#4469

CVPR
#4469

CVPR 2026 Submission #4469. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

3.1. Definition187

Let D = {Ii, Ri, yi}Ni=1 denote the training dataset includ-188
ing N samples, where In ∈ I represents the i-th radiology189
image andRi ∈ R represents the corresponding i-th report,190
and yi is the label including c classes. The objective of RRG191
is to learn a mapping function Gθ : I → R that generates192
reports from input images.193

3.2. Learning Difficulty Measurer194

3.2.1. What Does Difficult RRG Data Look Like?195

Before elaborating on our method, it is necessary to con-196
sider this question: What kind of RRG data might be diffi-197
cult for the model to learn? We answer this question from198
two perspectives. (1) Visual differences between medical199
images are often subtle, yet the descriptions of these minor200
variations in reports can be substantially distinct. For ex-201
ample, a slight increase in the density of a region might be202
described as new-onset inflammation in the report. There-203
fore, if an RRG sample exhibits visual similarity to other204
cases but is associated with a significantly divergent report,205
it is likely difficult to learn, as such samples create confu-206
sion for the model. (2) RRG is fundamentally a cross-modal207
transfer task from visual to textual data, where the degree208
of inter-modal alignment directly influences performance.209
Thus, samples with stronger image-text alignment are gen-210
erally easier to learn. Based on these considerations, we211
design two specialized metrics to quantify the learning dif-212
ficulty of RRG data: Visual Neighborhood Semantic Gap213
(VNS-Gap) and Image-Text Alignment Score (ITAS).214

3.2.2. Visual Neighborhood Semantic Gap215

The visual neighborhood semantic gap (VNS-Gap) quanti-216
fies the learning difficulty by measuring the discrepancy be-217
tween visual similarity and semantic similarity across sam-218
ples. Let ϕ : I → Rd be a pre-trained visual encoder, and219
the visual similarity between two images Ii and Ij is com-220
puted as follows:221

Sv
ij =

ϕ(Ii)
⊤ϕ(Ij)

∥ϕ(Ii)∥2 · ∥ϕ(Ij)∥2
(1)222

where Sv
ij ∈ RN×N represents the visual similarity ma-223

trix. Similarly, let ψ : R → Rd be a a pre-trained textual224
encoder, and the textual similarity between two reports Ri225
and Rj is computed as follows:226

St
ij =

ψ(Ri)
⊤ψ(Rj)

∥ψ(Ri)∥2 · ∥ψ(Rj)∥2
(2)227

where St
ij ∈ RN×N represents the textual similarity matrix.228

To capture the absolute discrepancy between visual and tex-229
tual similarities, a semantic gap matrix Gij ∈ RN×N is230
calculated as follows:231

Gij = |Sv
ij − St

ij | (3)232

Finally, the VNS-Gap of the i-th sample can be easily mea- 233
sured as follows: 234

dif1(i) =

N∑
j=1

Gij (4) 235

3.2.3. Image-Text Alignment Score 236

Mutual Information (MI) is an efficient statistical measure 237
for calculating the image-text alignment score (ITAS) be- 238
tween radiology images and corresponding reports. The MI 239
between image I and report R is defined as follows: 240

M(I;R) = DKL(PIR∥PI ⊗ PR) (5) 241

where PIR denotes the joint distribution of image-text pairs, 242
PI ⊗ PR represents the product of marginal distributions, 243
and DKL is the Kullback-Leibler (KL) divergence. How- 244
ever, estimating MI between high-dimensional continuous 245
variables with limited data is quite challenging [29], so 246
we employ Mutual Information Neural Estimation (MINE) 247
[18] to circumvent the issue of the dimensionality disaster. 248
MINE leverages the Donsker-Varadhan (DV) dual represen- 249
tation of the KL-divergence, which provides a lower bound 250
for MI as follows: 251

M(I;R) ≥ sup
T∈F

[EPIR
[T (I,R)]−

log
(
EPI⊗PR

[
eT (I,R)

])] (6) 252

where T : I × R → R is a function in the family F of 253
bounded measurable functions. We parameterize the func- 254
tion T using a neural network Tθ with parameters θ, trans- 255
forming the estimation into an optimization problem as fol- 256
lows: 257

M̂θ(I;R) = EPIR
[Tθ(I,R)]−

log
(
EPI⊗PR

[
eTθ(I,R)

]) (7) 258

The optimal parameters are obtained by solving: 259

θ⋆ = argmax
θ
M̂θ(I;R) (8) 260

After training, we obtain an image-text alignment scorer 261
Tθ⋆ , which evaluates i-th sample (Ii, Ri) as follows: 262

dif2(i) = Tθ⋆(Ii, Ri) (9) 263

3.2.4. Overall Learning Difficulty 264

The overall learning difficulty score for i-th sample is ob- 265
tained by combining both VNS-Gap and ITAS after nor- 266
malization: 267

dif(i) = α · dif1(i)− µ1

σ1
+ β · dif2(i)− µ2

σ2
(10) 268

where (µ1, σ1) and (µ2, σ2) are the mean and standard devi- 269

ation of dif1(i)
N
i=1 and dif2(i)

N
i=1, respectively. α, β ∈ R+ 270

are weighting coefficients, which will be discussed in Sec- 271
tion 4.6. 272
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3.3. Class-level Dynamic Sample Scheduler273

Most sample scheduler is to sort all training data from easy274
to hard based on learning difficulty and then schedule the275
data sequentially according to a certain rule. This paradigm276
may result in some classes with fewer samples rarely or277
never appearing in the newly added training subsets during278
the later training stages, which is likely to exacerbate data279
imbalance. To end this, we propose a class-level dynamic280
sample scheduling strategy, as shown in Algorithm 1.281

Algorithm 1 Sample Scheduling Strategy of RRGCL

Input: The training set D, the number of training epochs
T , the training difficulty dif(i) for each sample.

Output: A RRG model Gθ.
1: Divide D into c-class subsets, resulting in D =
{Dn}cn=1;

2: Sort samples in Dn based on the sample difficulty and
calculate class difficulty dif (n)C based on dif(i);

3: Calculate “scheduling exponential” γn and initial
scheduling rate λn(0);

4: Calculate scheduling function λ(t)n by Eq.11;
5: D(t)

sub = ∅;
6: for t = 0 to T do
7: for n = 1 to c do
8: Extract the top λn(t) proportion of training sam-

ples from each class;
9: D(t)

sub ← D
(t+1)
sub ;

10: end for
11: Train Gθ on D(t)

sub;
12: end for

3.3.1. Designing Class-level Scheduling Function282

We divide the training set D into c subsets according to the283
class label yi, and then arrange the samples within each sub-284
set in ascending order of learning difficulty dif(i), resulting285
in D = {Dn}cn=1. A class-level learning difficulty metric286

dif
(n)
C is introduced to measure the difficulty of each class287

by averaging the difficulties of all samples within that class.288
The root function [42] has been proven to be an effective289

function for sample scheduling. Our proposed scheduling290
strategy assigns each class a root function λn(t) based on its291
class-level difficulty, thereby controlling the sampling rate292
from different classes. The specific is as follows:293

λn(t) = min

(
1,

γn

√
λn(0)γn +

1− λn(0)γn

T
· t

)
(11)294

where T represents the total number of training epochs, the295
variable t ∈ [1, T ] represents the current training epoch,296
and the value range of λn(t) is (0, 1]. γn ∈ [1, c + 1] is a297
“scheduling exponential” we defined, which is a function of298

Figure 3. An example of scheduling function λn(t) over training
epochs for different γn and λn(0), where T = 100.

the class-level difficulty dif (n)C , as shown below: 299

γn

(
dif

(n)
C ) = 1 + (1− dif (n)C

)
· c (12) 300

This is a simple yet efficient method that ensures simpler 301
classes are assigned larger “scheduling exponential”. λn(0) 302
is the initial scheduling rate for the n-th class can be set 303
according to γn as follows: 304

λn(0) =
γn∑c
i=1 γn

(13) 305

3.3.2. Constructing Training Subsets 306

For each training epoch t, the scheduler constructs a training 307

subset D(t)
sub by sequentially selecting the top λn(t) propor- 308

tion of samples from each class. To intuitively illustrate the 309
scheduling strategy we designed, a straightforward example 310
with manually configured parameters is provided, as shown 311
in Figure 3. It can be observed that simpler classes (γn is 312
bigger) are scheduled in a more “aggressive” manner, with 313
a faster scheduling rate in the early training stages, while 314
difficult classes (γn is smaller) are scheduled more grad- 315
ually, progressing at a steady rate throughout the training 316
process. At the T -th epoch, all samples join the training. 317
By constructing training subsets in this manner, the model 318
is exposed to simpler samples in the early training stages. 319
In the later stages, the newly added samples still encompass 320
data from all classes. Furthermore, due to the characteristics 321
of the root function, the increase in difficulty throughout the 322
training process is more gradual, ensuring training stability. 323

4. Experiment 324

4.1. Datasets 325

All experiments are conducted on the MIMIC-CXR dataset 326
[21, 22], which is currently the largest publicly available 327
RRG dataset, containing 377,110 chest X-ray images and 328
227,835 radiology reports from 63,478 patients. MIMIC- 329
CXR provides 14 uncertainty labels extracted by CheXpert 330
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Table 1. The performance improvement of SOTA RRG methods by integrating RRGCL on the MIMIC-CXR dataset.

Method NLG Metrics CE Metrics
BL-1↑ BL-4↑ MTR↑ RG-L↑ Avg.∆ P↑ R↑ F1↑ Avg.∆

R2GEN[7] (EMNLP’2020) 0.353 0.103 0.142 0.277 - 0.333 0.273 0.276 -
R2GEN + RRGCL 0.361 0.108 0.152 0.284 +3.429% 0.341 0.280 0.282 +2.380%
KiUT[16] (CVPR’2023) 0.393 0.113 0.160 0.285 - 0.371 0.318 0.321 -
KiUT + RRGCL 0.402 0.117 0.169 0.293 +3.260% 0.382 0.327 0.329 +2.772%
RGRG[47] (CVPR’2023) 0.373 0.126 0.168 0.264 - 0.495 0.475 0.447 -
RGRG + RRGCL 0.388 0.129 0.177 0.278 +4.404% 0.512 0.489 0.459 +4.035%
COMG[12] (WACV’2024) 0.363 0.124 0.128 0.290 - 0.424 0.291 0.345 -
COMG + RRGCL 0.373 0.126 0.141 0.298 +3.646% 0.437 0.313 0.356 +4.340%
EKAGen[5] (CVPR’2024) 0.419 0.119 0.157 0.264 - 0.517 0.483 0.499 -
EKAGen + RRGCL 0.427 0.122 0.163 0.274 +2.815% 0.522 0.498 0.513 +2.268%
DACG[24] (MedIA’2025) 0.398 0.117 0.162 0.290 - 0.422 0.405 0.389 -
DACG + RRGCL 0.409 0.120 0.166 0.296 +2.482% 0.436 0.418 0.403 +3.372%

Table 2. Ablation studies on the learning difficulty measurer and sample scheduler conducted on the MIMIC-CXR dataset. The best results
are bolded.

Method Difficulty Measurer Scheduler NLG Metrics CE Metrics
VNS-Gap ITAS BL-1 BL-4↑ MTR↑ RG-L↑ P↑ R↑ F1↑

Baseline (RGRG [47]) - - - 0.373 0.126 0.168 0.264 0.495 0.475 0.447
(a) ✓ - Ours 0.381 0.127 0.173 0.272 0.508 0.482 0.454
(b) - ✓ Ours 0.378 0.127 0.171 0.269 0.504 0.480 0.451
(c) ✓ ✓ Baby Step 0.375 0.126 0.170 0.267 0.499 0.478 0.450
(d) ✓ ✓ Linear 0.376 0.126 0.172 0.270 0.501 0.479 0.452
(e) ✓ ✓ One Pass 0.375 0.126 0.169 0.267 0.500 0.478 0.449
(f) ✓ ✓ Root 0.382 0.128 0.174 0.274 0.508 0.485 0.455
(g) ✓ ✓ Geom 0.379 0.127 0.171 0.272 0.504 0.481 0.452

RGRG + RRGCL ✓ ✓ Ours 0.388 0.129 0.177 0.278 0.512 0.489 0.459

[17]. We adopt 13 keywords excluding ”Support Devices”331
and treat the keywords labeled as ”1” (positive) as the labels332
for the corresponding samples. The construction of RRGCL333
and the training of the RRG models are independent. Dur-334
ing the training phase of the learning difficulty measurer,335
all images are resized to 256× 256, and the “Findings” and336
“Impressions” sections in the reports are stitched together.337
During the training phase of the RRG model, all data pre-338
processing follows the combined RRG methods.339

4.2. Evaluation Metrics340

Natural language generation (NLG) metrics are commonly341
used standards for evaluating the quality of generated re-342
ports, including BLEU-n (BL-1, BL-4) [39], METEOR343
(MTR) [2] and ROUGE-L (RG-L) [30]. Some studies344
[33, 60] point out that NLG metrics may not be well-suited345
for evaluating radiology report generation model. There-346
fore, to more accurately evaluate the proposed method, we347
used several clinical efficacy (CE) metrics, including preci-348

sion (P), recall (R) and F1-score (F1). 349

4.3. Implementation Details 350

For the VNS-Gap measuring network, we use a ResNet101 351
[14] fine-tuned on CheXpert [17] to extract visual features. 352
For the ITAS computation network, following Liao et al. 353
[29], we employ a pre-trained 5-layer ResNet [14] to ex- 354
tract visual features. All textual features are extracted using 355
the pre-trained Clinical BERT [1]. The hyperparameters α 356
and β in Eq.10 are set to 0.6 and 0.4, respectively. During 357
the training of the RRG models, the configuration of train- 358
ing parameters follows the original settings of the combined 359
RRG methods. All training processes are performed on an 360
NVIDIA GeForce RTX A6000 GPU. 361

4.4. Improvements to SOTA RRG Models 362

To evaluate how RRGCL helps improve the performance 363
of RRG models, we embed RRGCL into several SOTA 364
RRG methods including R2GEN[7], KiUT [16], RGRG 365
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Figure 4. Two examples of reports generated by RGRG [47] and RGRG + RRGCL. The bounding boxes are provided by the ImaGenome
dataset [54], and they correspond to the descriptions in the reports based on color. Sentences with gray shading represent incorrect
descriptions.

Table 3. Hyperparameter sensitivity experiments on α and β based
on RGRG[47]. The best results are bolded.

α β BL-1↑ BL-4↑ F1↑
0.2 0.8 0.382 0.128 0.451
0.4 0.6 0.385 0.128 0.454
0.6 0.4 0.388 0.129 0.459
0.8 0.2 0.386 0.129 0.457

[47], COMG [12], EKAGen [5] and DACG [24], and ob-366
serve the quality of the generated reports. The experimental367
results are shown in Table 1. The results indicate that when368
combined with RRGCL, the performance of RRG models369
demonstrates significant improvements in both NLG and370
CE metrics. This proves that our proposed method can ef-371
fectively enhance existing works and has the potential to be372
applied to more RRG models.373

4.5. Ablation Study374

To validate the effectiveness of the proposed learning diffi-375
culty measurer and sample scheduler, we conduct ablation376
experiments. We select RGRG [47], which has the most sig-377
nificant performance improvement in Table 1 as the base-378
line, and the results are shown in Table 2. Among them,379
Baby Step [3], Linear [3], One Pass [3], Root [41] and Geo-380
metric Progression [40] are scheduling strategies proposed381
in previous works. The experimental results of methods (a)382
and (b) demonstrate that our proposed VNS-Gap and ITAS383
can effectively characterize the learning difficulty of RRG384

data, with VNS-Gap being relatively more efficient. Com- 385
pared to the baseline, methods (c)-(g) all achieve some im- 386
provements, while the use of our proposed scheduler yield 387
the best performance. It is worth noting that our proposed 388
scheduling function further allocates class-level scheduling 389
functions based on the Root function. Compared to method 390
(f), our method achieve improved performance because the 391
proposed scheduling strategy not only ensures a smooth in- 392
crease in learning difficulty but also maintains a balanced 393
distribution of various class in each training epoch. 394

4.6. Hyperparameter Sensitivity Experiment 395

To determine the optimal settings for the hyperparameters 396
α and β in Eq.10, we conduct a hyperparameter sensitivity 397
experiment based on RGRG [47]. The results are shown in 398
Table 3. It can be observed that the model achieves the best 399
performance when α and β are set to 0.6 and 0.4, respec- 400
tively. 401

4.7. Qualitative Analysis 402

To qualitatively analyze the effectiveness of RRGCL, we 403
randomly selected two test samples and compared the re- 404
ports generated by RGRG [47] and RGRG + RRGCL, the 405
results are shown in Figure 4. In example (a), RGRG 406
fails to detect “aortic calcification” and incorrectly consid- 407
ers the heart size to be normal. However, after introducing 408
RRGCL, the generated report describes both. In the image 409
of example (b), there is a region of “pulmonary edema”, 410
and the report generated by RGRG + RRGCL describes it, 411
while RGRG provides an incorrect description. The qualita- 412
tive experimental results visually demonstrate the effect of 413
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RRGCL in enhancing the performance of the RRG model.414

5. Conclusion415

In this work, we focus on a previously overlooked issue416
in radiology report generation (RRG): the impact of data417
imbalance in RRG training on model performance. We418
discover that traditional class imbalance based on sample419
quantity fails to adequately characterize the imbalance in420
RRG data. Therefore, from a curriculum learning perspec-421
tive, we redefine the imbalance in RRG data by learning422
difficulty. Our proposed measurer calculates the sample423
learning difficulty from the perspectives of visual neighbor-424
hood semantic gap and image-text alignment scores. To ad-425
dress the imbalance we proposed, we further introduce a426
class-level dynamic sample scheduler. Experimental results427
demonstrate that our proposed method can effectively en-428
hance the performance of existing RRG models, offering a429
new direction for RRG studies. In the future, with the re-430
lease of labeled RRG datasets, we will validate our method431
on more datasets.432
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